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Abstract

The Aurora distributed shareddatasystemimplementsa shared-dataabstractionon distributed-

memoryplatforms,suchas clusters,using abstractdatatypes. Aurora programsare written in C++

andinstantiateshared-dataobjectswhosedata-sharingbehaviour canbeoptimizedusinga novel tech-

niquecalledscopedbehaviour. Eachobjectandeachphaseof thecomputation(i.e.,use-context) canbe

independentlyoptimizedwith per-objectandper-context flexibility . Within thescopedbehaviour frame-

work, optimizationssuchasbulk-datatransfercanbeimplementedandmadeavailableto theapplication

programmer.

Scopedbehaviour carriessemanticinformationregardingthe specificdata-sharingpatternthrough

various layers of software. We describehow the optimizationsare integratedfrom the uppermost

application-programmerlayersdown to the lowestUDP-basedlayersof the Aurora system. A bulk-

datatransfernetwork protocolbypassessomebottlenecksassociatedwith TCP/IPandachieveshigher

performanceonanATM network thaneitherTreadMarks(distributedsharedmemory)or MPICH (mes-

sagepassing)for matrixmultiplicationandparallelsorting.

Keywords: bulk-datatransfer, distributed-memorycomputing,shareddata,data-sharingpatterns,opti-

mizations,scopedbehaviour, network of workstations,clusters
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1 Intr oduction

Distributed-memoryplatforms,suchasnetworksof workstationsandclusters,areattractivebecauseof their

ubiquitousnessandgoodprice-performance,but they suffer from high communicationoverheads.Sharing

databetweendistributedmemoriesis moreexpensive thansharingdatausinghardware-basedsharedmem-

ory. Also, existing network protocols,suchasTCP/IP, werenot originally designedfor communication-

intensive clustersandmaynotbethebestchoicefor performance.

Systemsbasedon shared-memoryandshared-datamodelsarebecomingincreasinglypopularfor dis-

tributedapplications.Broadlyspeaking,therearedistributed shared memory (DSM) [4, 1] anddistributed

shared data (DSD) [2, 14] systems.At oneendof theshared-dataspectrum,DSM systemsusesoftwareto

emulatehardware-basedsharedmemory. Typically, DSM systemsarebasedonfixed-sizedunitsof sharing,

often a page,becausethey usethe samemechanismsas for demand-pagedvirtual memory. The virtual

memoryspaceis partitionedinto pagesthat hold privatedataandpagesthat hold shareddata. Different

processornodescancachecopiesof the shareddata. As with hardware-basedsharedmemory, a C-style

pointer(e.g.,int * ) canreferto andnameeitherlocalor remotedata.

At theotherendof thespectrum,DSDsystemstreatshareddataasanabstract data type (ADT). Instead

of dependingonpagefaults,aprogrammer’s interfaceis usedto detectandcontrolaccessto theshareddata.

Theaccessfunctionsor methodsimplementthedata-sharingpolicy. If anobject-orientedlanguageis used,

theADT canbeashared-dataobject.

Sincethe data-sharingpolicies of an applicationdeterminehow often, when, and what mechanisms

areusedfor communications,they have a large impacton performanceandmustbeoptimized. The flex-

ibility to tune a distributed-memoryapplicationvariesdependingon what kind of parallelprogramming

systemis used.Eachtypeof systemhasdifferentstrengthsandweaknesses,but, generallyspeaking,high-

level languagesandshared-datasystemsarestrongin ease-of-use;message-passingsystemsarestrongin
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performance.By design,high-level abstractionshidelow-level details,suchaswhenandwhatdatais com-

municated.Conversely, messagepassingmakesexplicit whendatais sentandreceived.With sufficient (and

oftensubstantial)programmingeffort, a message-passingprogramcanbehighly tuned.Ideally, onewould

like to have bothahigh level of abstractionand theflexibility to tuneaparallelapplication.

Flexibility is importantbecausedifferent loopsor phasesof a computationcanhave differentaccess

patternsfor thesamedatastructure.For example,in achainor pipelineof computationalphases,theoutput

of onephasebecomesthe input of the next phase.A datastructuremay have a read-onlyaccesspattern

duringonephaseanda read-modify-writeaccesspatternduringa laterphase.If thesamedatastructureis

largeandhasto becommunicatedto all processes,a third data-sharingpolicy mayberequiredto efficiently

handlethebulk-datatransfer. Therefore,it is desirableto beableto selectadifferentdata-sharingpolicy for

eachcomputationalphase.

To addresstheflexibility issue,the AuroraDSD systemusesscopedbehaviour. As theprogrammer’s

interfacefor specifyinga data-sharingoptimization,scopedbehaviour allows eachshared-dataobjectand

eachportionof thesourcecode(i.e.,context), to beoptimizedindependentlyof otherobjectsandcontexts.

Oncethe programmerhasselectedan optimization,the high-level semanticsof the optimizationarealso

carriedacrossvarioussoftware(andperhapshardware)layers.For example,in anall-to-all dataexchange,

knowledgeaboutthesenders,thereceivers,andthesizeandlayoutof thedatato becommunicated,canbe

importantin theimplementationof theoptimization.

We begin by illustrating andsummarizingAurora’s programmingmodel. Thenwe illustratehow two

multi-phaseapplications,a two-stagematrixmultiplicationandparallelsorting,requireabulk-datatransfer

andcanbeoptimizedusingscopedbehaviour. Finally, we demonstratehow theAuroraprogramscanout-

performcomparableimplementationsusinga DSM systemanda message-passingsystemon a clusterof

workstationswith anATM network.
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Layer Main Componentsand Functionality

Programmer’sInterface Processmodels(dataparallelism,taskparallelism,threads,activeobjects)
Distributedvectorandscalarobjects
Scoped behaviour

Shared-DataClassLibrary [10] Handle-bodyshared-dataobjects
Scopedhandlesimplementingdata-sharingoptimizations

Run-TimeSystem Activeobjectsandremotemethodinvocation(currently, ABC++ [12])
Threads(currently, POSIXthreads)
Communicationmechanisms(sharedmemory, MPI, UDPsockets)

Table1: LayeredView of Aurora

2 ScopedBehaviour and the Aurora System

Aurora is a parallelprogrammingsystemthatprovidesnovel abstractionsandmechanismsto simplify the

taskof implementingandoptimizing parallelprograms.Aurora is an object-orientedandlayeredsystem

(Table1) thatusesobjectsto abstractboththeprocessesandshareddatato provideacompleteprogramming

environment.

The singlemostnovel aspectof Aurora is the scoped behaviour abstraction.Scopedbehaviour is an

applicationprogrammer’s interface(API) to a set of system-provided optimizations;it is also an imple-

mentationframework for theoptimizations.Unlike typical APIs basedon functioncalls,scopedbehaviour

integratesthedesignandimplementationof all thesoftwarelayersin Aurorausingbothcompile-timeand

run-timeinformation. Consequently, therearea numberof waysto view scopedbehaviour, dependingon

thespecificsoftwarelayer.

1. To theapplicationprogrammer, scopedbehaviour is theinterfaceto asetof pre-packageddata-sharing

optimizationsthat are provided by the Aurora system. Conceptually, scopedbehaviour is similar

to compiler annotations.The applicationprogrammerusesAurora’s classesto createshared-data

objects. Then,scopedbehaviour is usedto incrementallyoptimizethe data-sharingbehaviour of a

parallelprogramwith ahighdegreeof flexibility. In particular, scopedbehaviour provides:
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� Per-context flexibility : Theability to applyanoptimizationto a specificportionof thesource

code.A languagescope(i.e., nestedbracesin C++) aroundsourcecodedefinesthecontext of

anoptimization.Differentportionsof thesourcecode(e.g.,differentloopsandphases)canbe

optimizedin differentways.

� Per-object flexibility : The ability to apply an optimizationto a specificshared-dataobject

without affecting the behaviour of other objects. Within a context, different objectscan be

optimizedin differentways(i.e.,heterogeneousoptimizations).

By combiningboth theper-context andper-objectflexibility aspectsof scopedbehaviour, theappli-

cationprogrammercanoptimizea largenumberof data-sharingpatterns[9].

2. To the implementorof theclasslibrary, scopedbehaviour is how a varietyof data-sharingoptimiza-

tionscanbeimplementedby temporarilychanginganobject’s interface[10]. Scopedbehaviour does

not requirelanguageextensionsor specialcompilersupport,thusit requireslessengineeringeffort to

implementthannew languageconstructsor compilerannotations.As animplementationframework,

scopedbehaviour canexploit bothcompile-timeandrun-timeinformationabouttheparallelprogram.

3. To the implementorof the run-timesystem,scopedbehaviour is a mechanismfor specifyinghigh-

level semanticinformationabouthow shareddatais usedby theparallelprogram.Scopedbehaviour

canalsocarrysemanticinformationaboutthesenders,thereceivers,andthespecificdatato becom-

municated,acrosslayersof software.

2.1 Example: A Simple Loop

Aurorasupportsbothsharedscalarsandsharedvectors.A scalarobjectis placedon a specifichome node,

but the shareddatawithin the objectcanbe accessedfrom any processornode. In contrast,a distributed

vectorobjectcanhave a numberof differenthomenodes,with eachprocessornodecontaininga different
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(a) Original Loop (b) Optimized Loop Using ScopedBehaviour

GVector<int> vector1( 1024 ); GVector<int> vector1( 1024 );

�
// Begin new language scope
NewBehaviour( vector1, GVReleaseC, int );

for( int i = 0; i < 1024; i++ ) for( int i = 0; i < 1024; i++ )

vector1[ i ] = someFunc( i ); vector1[ i ] = someFunc( i );�
// End scope

Figure1: Applying aData-SharingOptimizationUsingScopedBehaviour

portionof theshareddata.Thesharedvectorelementsaredistributedamongdifferentprocessornodes,but

thedatacanbeaccessedfrom any processornode,aswith scalarobjects.Currently, only block distribution

is supportedfor sharedvectors.Theshareddatacanbereplicatedandcached,but thehomenode(s)of the

datadoesnotmigrate.

Oncecreated,a shared-dataobject is accessedtransparentlyusingnormalC++ syntax,regardlessof

thephysicallocationof thedata. Overloadedoperators,andothermethodsin theclass,translatethe data

accessesinto the appropriateloads,stores,or network messagesdependingon whetherthe datais local

or remote. Therefore,aswith DSM systems,Aurora provides the illusion that local andremotedataare

accessedusingthe samemechanismsandsyntax. In reality, Aurora usesan ADT to createa shared-data

abstraction.

Aurora’s datamodelrequiresthatsharedscalarandvectorobjectsbecreatedusingAurora’s C++ class

templatesGScalar andGVector . Any of the C++ built-in typesor any user-definedconcretetype [5]

canbeanindependentunit of sharing.

Figure1(a)demonstrateshow adistributedvectorobjectis instantiatedandaccessed.Notethatvector1

is a sharedvectorobjectwith 1024integerelementsthatareblock distributed.Theprogrammercanassign

valuesto theelementsof vector1 usingthesamesyntaxaswith any C++ array. Theoverloadedsubscript

operator(i.e.,operator[] ) is anaccessmethodthatdetermineswhethertheupdateto vector1 at index
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i is local or remote.If thedatais local, a write is simply a storeto local memory. If thedatais remote,a

write resultsin anetwork message.Similarly, a readaccessis eithera loadfrom localmemoryor anetwork

messageto getremotedata.By default, shareddatais readfrom andwritten to synchronously, evenif the

datais ona remotenode,sincethatdata-accessbehaviour hastheleasterror-pronesemantics.

The implementationdetailshave beendiscussedelsewhere[10], but we briefly sketchthe main ideas

at this time to provide intuition abouttheimplementationandmotivatetheneedfor data-sharingoptimiza-

tions. SinceAurorahasdefinedclassGVector suchthat thesubscriptoperatoris overloaded,thesyntax

vector1[ i ] is equivalentto vector1.operat or [] ( i ) , whereoperator[]() is thename

of a classmethodandvectorindex i is a parameterto themethod.Whenvector1[ i ] is assigneda

value,thesubscriptoperatormethodlooksup theprocessornodeon which index i is locatedandtheele-

mentat thatindex is updated.Theinternaldatastructuresof vector1 keeptrackof, andcanlocate,where

all thevectorelementsarestored.Sincevector1 is blockdistributedacrossall theprocessornodes,some

of thevectorelementsareon thesamenodeasthethreadthat is executingtheupdateloop. Theupdatesto

theseco-locatedvectorelementsaretranslatedinto a simplestoreto local memory. For all theothervector

elementswhich arenot co-locatedwith the thread,theupdatesaretranslatedto a network messageto the

remoteprocessornode.A threadin theAurorarun-timesystemon theremotenodereadsthemessageand

performstheactualupdatein its local memory. Then,thethreadon theremotenodesendsa network mes-

sagebackto thethreadexecutingtheloop, which hasbeenblockedandwaiting for theacknowledgement.

This is thewell-known request-responsemessagepattern.

Sincethedefault policy for writing to shared-dataobjects,suchasvector1 , is synchronousupdates,

thethreadexecutingtheupdateloopmustwait for theacknowledgementmessagefrom theremotenode.In

doingso,theupdateto vectorindex i is guaranteedto becompletedbeforetheupdateto index i + 1 of the

loop. Theoretically, if a secondthreadis readingindex i of vector1 at thesametime that index i + 1

is beingupdated,thenthesecondthreadshouldreadthevaluethatwasjuststoredat index i . Conceptually,

8



ScopedBehaviour Description

Owner-computes Threadsaccessonly co-locateddata.
Cachingfor reads Createlocal copy of data.
Releaseconsistency Buffer write accesses.
Combined“cachingfor reads”and
“releaseconsistency.”

Readfrom local cacheand buffer write accesses.

Read-mostly Readfrom local copy; eagerupdatesto replicasonwrite.
Currentlyonly implementedfor scalars.Goodfor read-only
andread-mostlyvariables.

Table2: ExampleScopedBehaviours

synchronousupdatesarewhatprogrammersarefamiliar with in sequentialprograms,which is why it was

chosenasthedefault policy.

However, synchronousupdatesare slow. Two network messages,an updateand an acknowledge-

ment,andvariouscontext switchesarerequiredto updatevectorelementson a remotenode. For typical

distributed-memoryplatforms,two messagescantake thousandsof processorcycles. If the semanticsof

theapplicationrequiresynchronousupdates,thenlittle canbedoneto improve performance.However, if

theprogrammerknows thatsynchronousupdatesarenot necessaryfor correctness,thenthewrite-intensive

data-sharingpatternof theloopcanbeoptimized.

Considerthe casewherethe sharedvector is updatedin a loop, but the updatesdo not needto be

performedsynchronously. For example,the applicationprogrammermay know that no other threadwill

be readingfrom the vectoruntil after the loop. In sucha case,the programmercanchooseto buffer the

writes,flushthebuffersat theendof theloop,andbatch-updatethesharedvector(Figure1(b)). So,instead

of two network messagesfor eachupdateto a remotenode,multiple updatesaresentin a singlenetwork

messageandthereis oneacknowledgementfor thewholebuffer. If abuffer holdshundredsof updates,then

theperformanceimprovementthroughamortizingtheoverheadsis substantial.

Threenew elementsare requiredto usescopedbehaviour to specify the optimization(Figure 1(b)):

openingandclosingbracesfor the languagescopeanda system-provided macro. Of course,thenew lan-
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guagescopeis nestedwithin theoriginal scopeandthenew scopeprovidesaconvenientway to specifythe

context of theoptimization.

The NewBehaviour macrospecifiesthat the releaseconsistency optimizationshouldbe applied to

vector1 . Upon re-compilation,andwithout any changesto the loop codeitself, the behaviour of the

updatesto vector1 is changedwithin the languagescope.Thenew behaviour usesbuffers to batchthe

writesandautomaticallyflushesthebufferswhenthescopeis exited.

At the shared-dataclasslibrary layer (Table 1), the optimization is implementedby creatinga new

handle(or wrapper)aroundtheoriginalvector1 object[8, 10]. Thenew handleobjectonly existswithin

thenestedscopeandtheobjectis of classGVReleaseC . By redefiningtheaccessmethodsfor GVector

insideGVReleaseC (i.e.,compile-time),theoptimizationis implemented.By creatinganew objectwithin

the nestedlanguagescope,the applicationsourcecodethat usesvector1 doesnot have to be modified

since,by the rulesof nestedscopesin block-structuredlanguages,the redefinedcodefor the new handle

will beautomaticallyselected.Actions,suchascreatingandflushingbuffers,canbedynamicallyassociated

with theconstructoranddestructorof thehandleobjectinsidethenew scope(i.e., run-time)in acreate-use-

destroy modelof thehandlesto theshared-dataobjects.

2.2 Example: Matrix Multiplication

We now considera more complex exampleinvolving multiple shared-dataobjectsand different scoped

behaviour optimizations,namelythat of non-blocked, densematrix multiplication, asshown in Figure2.

The basicprocessmodel is that of teamsof threadsoperatingon shareddatain singleprogram,multiple

data(SPMD)fashion.Thepreambleis commonto boththesequentialandparallelcodes(Figure2(a)).The

basicalgorithmconsistsof threenestedloops,wheretheinnermostloopcomputesadotproductandcanbe

factoredinto aseparateC-stylefunction.

However, eachmatrixhasadifferentaccesspatternanddifferentproperties(Figure3). Differentscoped
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(a) CommonPreamble

int i, j;

// Prototype of C-style function with innermost loop
int dotProd( int * a, int * b, int j, int n );

(b) SequentialCode (c) Optimized Parallel Code

// mA, mB, mC are 512 � 512 matrices // mA, mB, mC are 512 � 512 GVectors

int mA[ 512 ][ 512 ]; GVector<int> mA( MatrixDim( 512, 512 ) );

int mB[ 512 ][ 512 ]; GVector<int> mB( MatrixDim( 512, 512 ) );

int mC[ 512 ][ 512 ]; GVector<int> mC( MatrixDim( 512, 512 ) );

�
// Begin new language scope

NewBehaviour( mA, GVOwnerComputes, int );

NewBehaviour( mB, GVReadCache, int );

NewBehaviour( mC, GVReleaseC, int );

while( mA.doParallel( myTeam ) )

for( i = 0; i < 512; i++ ) for( i = mA.begin();i < mA.end();i += mA.step())

for( j = 0; j < 512; j++ ) for( j = 0; j < 512; j++ )

mC[i][j] = mC[i][j] =

dotProd( &mA[i][0], mB, j, 512 ); dotProd( &mA[i][0], mB, j, 512 );�
// End scope

Figure2: Matrix Multiplication in Aurora

behaviour optimizationscanbeappliedto differentshared-dataobjects.In particular:

1. Matrix A is read-only. Also, eachrow is independentof otherrows in thatit is nevernecessaryto read

multiple rows of Matrix A whencomputingagivenrow in Matrix C.

2. Matrix B is read-only. Also, sinceall of Matrix B is accessedfor eachrow of Matrix A, theworking

setfor Matrix B is large.

Giventhesizeof Matrix B, it maybemostefficient to move thisdatausingbulk-datatransfer.

3. Matrix C is write-only. Specifically, theupdatedvaluesin Matrix C do not dependon theprevious

valuesin Matrix C. During themultiplicationitself, thepreviousvaluesof Matrix C arenever read.
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// Sequential matrix multiplication
for( i = 0; i < size; i++ )

for( j = 0; j < size; j++ )
mC[i][j] = dotProd( &mA[i][0], mB, j, size );

Matrix A Matrix B Matrix C

Figure3: Matrix Multiplication: DifferentAccessPatterns

Conceptually, wecanview anoptimizationasachangein thetypeof thesharedobjectfor thelifetime of

thescope.As alreadydiscussed,theactualimplementationis basedonthedynamiccreationanddestruction

of nestedhandleobjectswith redefinedaccessmethodsin their classes(i.e., the new type for the origi-

nal shared-dataobject). As an exampleof per-objectflexibility, threedifferentdata-sharingoptimizations

(Table2) areappliedto thesequentialcodein Figure2(b) to createtheparallelcodein Figure2(c).

We describethescopedbehaviours in increasingorderof complexity. Sincethescopedbehaviours for

vectorsmCandmBrequirenochangesto thesource,wedescribethemfirst. Thescopedbehaviour for vector

mAis morecomplicatedandit requiressomemodestchangesto thesourcecode,sowe discussit last.

Thescopedbehavioursare:

1. NewBehaviour(mC , GVReleaseC, int) : To reducethenumberof updatemessagesto ele-

mentsof distributedvectormCduringthecomputation,thetypeof mCis changedto GVReleaseC .

As with thesimpleloop example,theoverloadedsubscriptoperatorbatchestheupdatesinto buffers

andmessagesareonly sentwhenthebuffer is full or whenthescopeis exited. Also, multiple writers

to thesamedistributedvectorareallowed.No lexical changesto thesourcecodearerequired.
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2. NewBehaviour(mB , GVReadCache, int) : To automaticallycreatea local copy of theentire

distributedvectormBat thestartof thescope,thetypeof mBis changedto GVReadCache. Caching

vectormBis aneffective optimizationbecausethevectoris read-onlyandre-usedmany times. The

challenge,aswill bediscussedlater, lies in how to efficiently transfertherequireddatainto all of the

readcaches.At theendof thescope,thecacheis freed.

NotethatdotProd() expectsC-stylepointers(i.e., int * ) asformalparametersa andb. Pointers

provide the maximumperformancewhen accessingthe contentsof vector mB. Thereforethe read

cachescopedbehaviour includesthe ability to passa C-stylepointerto the newly createdcacheas

theactualparameterto dotProd() ’sformalparameterb. Notethatno lexical changesto theloop’s

sourcecodearerequiredfor thisoptimization.

3. NewBehaviour(mA ,GVOwnerC omput es ,i nt ) : Topartitiontheparallelwork, theowner-computes

techniqueis appliedto distributedvectormA.

Owner-computesspecifiesthat only the threadco-locatedwith a datastructure,or part of a data

structure,is allowed to accessthe data. Thesedataaccessesareall local accesses.Given a block-

distributed vector, the different threadsof an SPMD teamof threadsareco-locatedwith different

portionsof the vector. Thus,eachof the threadsin the teamwill accessa differentportion of the

distributedvector.

Within the scope,vector mA is an object of type GVOwnerComputes and hasspecialmethods

doParallel() , begin() , end() , andstep() . Only the threadsthat areco-locatedwith a

portionof mA’sblock-distributeddataactuallyenterthewhile loop anditerateover their local data.

It is possiblethatsomeprocessesarelocatedon nodesthatdo not containaportionof thepartitioned

anddistributedvectormA. Theseprocessesdo not participatein thecomputationbecausethey do not

enterthebodyof thewhile loop.
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Notethat functiondotProd() alsoexpectsa pointerfor formal parametera. Sincetheportionsof

vectormAto beaccessedarein local memory, asperowner-computes,it is possibleto usea pointer.

Therefore,GVOwnerComputes providesa C-stylepointerto thelocal dataastheactualparameter

to dotProd() ’s parametera. Although somechangesto the user’s applicationsourcecodeare

requiredto applyowner-computes,they arerelatively straightforward.

Theresultof this heterogeneoussetof optimizationsis that thenestedloopscanexecutewith far fewer

remotedataaccessesthanbefore.All readaccessesarefrom acacheor localmemory;all write accessesare

buffered.Thatis to say, thelocality of datareferencesis greatlyimproved. In addition,theparallelprogram

usesthesameefficient,pointer-baseddotProd() functionasin thesequentialprogram.

Furthermore,the high-level semanticsof scopedbehaviours can be exploited for further efficiencies

[9]. Typical demand-pagedDSM systemsdo not exploit knowledgeabouthow the datais accessed.For

example,even wheneachelementof a datastructureis eventuallyaccessed(i.e., denseaccesses),DSM

systemssendan individual requestmessagefor eachpageof remotedata. However, scopedbehaviours

do containextra semanticinformation. Thereadcachescopedbehaviour specifiesthat all of vectormBis

cached,thereforethereis noneedto transfereachunit of dataseparately. Themultiplerequestmessagescan

beeliminatedif thedatais streamedinto eachreadcachevia bulk-datatransfer. Althoughthenotionof a

bulk-dataprotocolis notnew, scopedbehaviour providesaconvenientimplementationframework to exploit

thehigh-level semantics.As anotherexample,vectormCis write-only, asopposedto read-write,therefore

wecanavoid theoverheadof demandingin thedatasinceit is never readbeforeit is overwritten.Without a

priori knowledgethatthedatais write-only, aprogrammingsystemmustassumethemostgeneralandmost

expensive caseof read-writedataaccesses.Scopedbehaviour cancapturea priori knowledgeabouthow

datais used.
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3 PerformanceEvaluation

We now compareand contrastthe performanceof two applicationsimplementedusing three different

typesof parallel programmingsystems:Aurora, TreadMarks(a page-basedDSM system),and MPICH

(amessage-passingsystem).A subsetof theperformanceresultswith AuroraandMPICH have beenprevi-

ouslyreported[10]. Theresultswith TreadMarksarenew anda largercluster(16nodesinsteadof 8 nodes)

hasbeenusedfor thisperformanceevaluation.

Althoughtherearedifferencesin theimplementationsof theprogramsusingthedifferentsystems,care

hasbeentaken to ensurethat the algorithmsand the purely sequentialportionsof the sourcecodeare

identical. Also, differentdatasetsfor eachapplicationareusedto broadenthe analysisand to highlight

performancetrends.

3.1 Experimental Platform

Thehardwareplatformusedfor theseexperimentsis a 16-nodeclusterof IBM RISCSystem/6000Model

43P workstations,eachwith a 133 MHz PowerPC604 CPU, at least96 MB of main memory, and a

155 Mbit/s ATM network with a single switch. The ATM network interfacecardsare FORE Systems

PCA-200EUX/OC3SC,which connectto the PCI bus of the workstation. The ATM switch is a FORE

SystemsModelASX-200WG.Thisclusterwasassembledaspartof theUniversityof Toronto’sParallelism

on Workstations(POW) project.

ThesoftwareincludesIBM’ sAIX operatingsystem(version4.1),AIX’ sbuilt-in POSIXthreads(Pthreads),

thexlC r C/C++compiler(version3.01),andtheABC++ classlibrary (version2, obtaineddirectly from

thedevelopersin 1995).TreadMarks(version0.10.1)is usedasanexampleDSM system.

The run-timesystemof ABC++, which is alsopart of theAurora run-timesystem(Table1), usesthe

MPICH (version1.1.10)implementationof the Message-PassingInterface(MPI) asthe lowestuser-level
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Application Dataset Time (seconds) Comments

Matrix Multiplication
(MM2)

512 � 512
matrices

110.6 (1 PE)

11.7 (16PE,MPICH)

Speedupof 9.49

Original implementationwasfor Aurora.
Computes�����	��
 then

����	��� . Initial valuesare

704 � 704
matrices

250.7 (1 PE)

25.2 (16PE,MPICH)

Speedupof 9.94

randomlygeneratedintegers.Allgather
data-sharingpattern(Figure4.1of [16]).

ParallelSortingby
RegularSampling
(PSRS)

6 million keys 14.4 (1 PE)

3.68 (16PE,MPICH)

Speedupof 3.91

Original implementationfor shared
memory[7]. Keysarerandomlygenerated
32-bit integers.

8 million keys 19.9 (1 PE)

11.21 (16PE,MPICH)

Speedupof 1.78

Multi-phasealgorithm.Broadcast,gather,
andall-to-all patterns(Figure4.1of [16]).

Table3: Summaryof ApplicationsandDatasets

software layer for communication[6]. For our platform, MPICH usessocketsandTCP/IPfor datacom-

munication.TheABC++ run-timesystemis a softwarelayerabove MPICH andaddsthreadsto thebasic

message-passingfunctions.A daemonthreadregularlypollsfor andrespondstosignalsgeneratedby incom-

ing MPICH messages.Thedaemoncanreadmessagesconcurrentlywith otherthreadsthatsendmessages.

Althoughthedaemonincurscontext switchingandpolling overheads,it alsohasthebenefitof beingableto

pull dataoff thenetwork stackin a timely andautomaticmanner.

Themessage-passingprogramsalsouseMPICH, but without themultiple threadsusedin theABC++

run-time system. Thesemessage-passingprogramsare linked with the sameMPICH libraries as in the

Aurorasystem.Of course,thereareseveraldifferentimplementationsof theMPI standard,eachwith their

performancestrengthsandweaknesses.Therefore,for precision,we will refer to thesemessage-passing

programsasMPICH programsfor therestof thisdiscussion.

All programs,Aurora, theABC++ classlibrary, MPICH, andTreadMarksarecompiledwith -O opti-

mization.
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3.2 Applications, Datasets,and Methodology

As summarizedin Table3, theapplicationsarea matrix multiplicationprogram(MM2), anda parallelsort

via theParallelSortingby RegularSampling(PSRS)algorithm[7]. Wehave alsoexperimentedwith a 2-D

diffusionsimulationandthetravelling salesperson(TSP)problem[11], but thoseapplicationsdonothave a

bulk-datatransfercomponentsowe donotdiscussthemhere.

Matrix multiplication is a commonly-usedapplicationfrom the literatureandwe have extendedit by

usingtheoutputof onemultiplicationasthe input of anothermultiplication. In practice,theoutputof one

computationis often usedasthe input of anothercomputation.Parallel sortingis an applicationthat has

beenwidely studiedby researchersbecauseit hasmany practicaluses. For this study, we areprimarily

interestedin thedata-sharingbehaviour of theapplications,asnotedin thecommentssectionof Table3.

By design,large portionsof sourcecodeareidenticalin theTreadMarks,Aurora,andMPICH imple-

mentationsof thesameapplication.In this way, differencesin performancecanbemoredirectly attributed

to differencesin theprogrammingsystems.

The speedupsof all theprogramsarecomputedagainstsequentialC implementationsof the sameal-

gorithm (Table3). In thecaseof PSRS,quicksortis usedfor the sequentialtimes. Therefore,the typical

object-orientedoverheads(e.g.,temporaryobjectsandscoping)arenot partof thesequentialimplementa-

tions,but are partof theparallelimplementations.

Unlessnotedotherwise,the reportedreal timesarethe averagesof five runsexecutedwithin a single

parallel job. More specifically, the processes(or a singleprocess)arestartedup, the datastructuresare

initialized, thedatapagesaretouchedto warmup theoperatingsystem’s pagetables,andthenthecompu-

tationalcoreof theapplicationis executedfive timeswithin anouterloop. Measurementerror, theactivity

of otherprocesseson thesystem(e.g.,daemonprocesses,disk I/O), andotherfactorscancausesmallvari-

ationsin therealtimes.Therefore,eachrun is timedandtheaveragetime of thefive runsis takento bethe
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solutiontime. Unlessnotedotherwise,theobservedrange(i.e.,minimumto maximum)of realtimesof the

runsarelow relative to thetotal run time.

The datasetsfor matrix multiplication andPSRSare randomlygenerated.A different randomnum-

ber seedis usedfor eachrun. For example,in matrix multiplication, the matricescontainvaluesthat are

randomlygeneratedusinga differentseedfor eachrun. Similarly, thekeys sortedby PSRSareuniformly

distributed32-bit integersthat arerandomlygeneratedwith a differentseedvaluefor eachrun. Different

randomnumberseedsareusedto helpeliminateanomaliesin theinitial randomorderingof keys for agiven

datasetsize.

Throughoutthis discussion,theMPICH timesareusedasthebaselinebenchmarksinceit is generally

acknowledgedthatmessage-passingprogramssetahighstandardof performance.EventhoughtheMPICH

programsare not always the fastest,as can be seenin Table 3, they definethe baselinein order to be

consistent.

3.3 Matrix Multiplication

Designand Implementation

Thematrixmultiplicationapplicationusedfor thisevaluationis differentfrom theprogramdiscussedin

Section2.2 in that two separatematrix multiplicationsareperformedin succession.Therearetwo phases

separatedby a barrier. In Phase1, �������� is computed.In Phase2, �������� is computed.Note

that matrix  is written to in the first phaseandit is readfrom in the secondphase.Thus,the outputof

onemultiplicationis usedastheinput of thenext multiplicationandtheoptimizationneedsof thematrices

changefrom phase-to-phase.It is assumedthatall threematricesareblockdistributedacrosstheprocessors

in theparalleljob. Althoughthespecificmatrixcomputationis synthetic,it is designedto reflecthow shared

datais usedin realapplications.
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In Phase1, matrices� and � areread-intensive andmatrix  is write-intensive. In Phase2, matrices

� (again)and  areread-intensive andmatrix � is write-intensive. As previously discussed,read-intensive

shareddatacanbeoptimizedusingeitherowner-computesor a readcache.Write-intensive shareddatacan

beoptimizedusingreleaseconsistency. Alternatively, write-intensive accessescanalsobeoptimizedusing

owner-computesif the datais appropriatelydistributed. Sincethe accesspatternsfor matrices and �

changefrom phaseto phase,theper-context flexibility of scopedbehaviour is particularlyvaluable.

In theAuroraimplementation,thesamematrixmultiplicationfunctionmmultiply() is usedfor both

phases,but the function is called with different shared-dataobjectsas the actualparameters.Function

mmultiply() hasformal parametersmA, mB, andmC, which areall GVector s,andthefunctionalways

computesmC � mA � mB. In contrastto Figure 2, the owner-computesscopedbehaviour is appliedto

both mAandmCandthe readcachescopedbehaviour is appliedto mB. We canuseowner-computesfor

mCbecauseit is block distributed. In Phase1 of the program,mQis multiplied with mRandassignedto

mP[i.e., theprogramcallsmmultiply( ..., mQ, mR, mP, ... ) ]. In Phase2, mQis multiplied

with mPand assignedto mR[i.e., the programcalls mmultiply( ..., mQ, mP, mR, ... ) ].

Calling function mmultiply() with different actualparametersis one form of per-context flexibility

sincedata-sharingoptimizationswill beappliedto differentmatrices,dependingon thecall site.

Note that theonly datasharingis for thereadcacheof formal parametermB. Sincematrix mBis block

distributed,loadingthereadcachealwaysresultsin anall-to-all communicationpatternaseachnodesends

acopy of its localportionto all othernodes,andreadsthedatafrom theothernodesinto a local cache.Snir

et al. describethis specificdata-sharingpatternas“allgather” (Figure4.1of [16]). Furthermore,eachnode

sendstheexactsamedatato eachof theothernodes,which is differentfrom theall-to-all communication

patternin the PSRSapplicationdiscussedbelow. The patternin PSRSis describedas “alltoall (vector

variant)” [16].

In TreadMarks,the matricesareallocatedfrom the pool of sharedpages,so eachpageof the shared
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matrix mBis demanded-inasit is touchedby thenestedloopsof themultiplication. Both theTreadMarks

andMPICH programshave theexactsamemmultiply() function,with thematrixparameterspassedas

C-stylepointers.After theentirematrix mBhasbeenlocally cached,thereis no moredatacommunication.

As with Aurora, matrix mB is actually matrix mRduring Phase1. In Phase2, matrix mP is the actual

parameterandthusmustbedemanded-induringthatphase.SincematrixmPis updatedin Phase1, reading

from matrix mPin Phase2 invokes the relevant dataconsistency protocolsin TreadMarks.Thereareno

per-matrix or per-context optimizationsin TreadMarks.

For MPICH, the actual data for formal parametermB is explicitly transferredinto a buffer before

mmultiply() is called. Currently, this datatransferis implementedusingnon-blockingsendsandre-

ceives(e.g.,usingfunctionsMPI Isend() , MPI Irecv() , andMPI Waitall() ). So,in Phase1, the

entirecontentsof matrix mRis transferredinto a local buffer by explicitly sendingthe local portion to all

othernodesandexplicitly receiving aportionof thematrix from theothernodes.And, in Phase2,matrixmP

is transferredinto local memorybeforemmultiply() is called.In bothphases,only thelocal portionsof

theothertwo matricesareaccessed,andtheaccessis doneusingloadsandstoresto local memory. There-

fore, in theMPICH version,thereis no needfor datacommunicationswithin themmultiply() function

itself.

Performance

The performanceof the threedifferent implementationsof matrix multiplication is shown in Figure4

andFigure5. In bothfigures,the top graphshows theabsolutespeedupsachievedby thesystemsfor 2, 4,

8, and16processornodes.Thebottomgraphshows thespeedupsnormalizedsuchthattheMPICH speedup

is always1.00. For both the 512 � 512 and704 � 704 datasets,all threesystemsachieve high absolute

speedupsfor up to 8 processors.For upto 16processors,bothTreadMarksandAurorashow highspeedups,

but MPICH suffersin comparison.WediscusstheMPICH resultsbelow. Overall, thehighspeedupsarenot
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Figure4: Speedupsfor Matrix Multiplication, 512 � 512

surprisingsincematrixmultiplicationis known to beaneasyproblemto parallelize.

Theperformancedifferencebetweenideal speedup(i.e., unit linear)andtheachieved speedupis gen-

erally dueto theoverheadsof communicatingmatrix mBand,to a lesserextent,dueto theneedfor barrier

synchronizationin theparallelprograms.Speedupsof between13 and14 on 16 processorsareencourag-

ing consideringtherelatively smalldatasetsandtheparticularhardwareplatform. Eventhoughthe704 �

704datasetrequires250.7secondsof sequentialexecutiontime, it is still a relatively small computational

problem.For example,perfectunit linearspeedupon 16 processorsrequiresa run time of 15.7secondsfor

the704 � 704dataset.The fastestrun time for thatdatapoint is achieved by theAuroraprogramat 17.9

secondsfor a speedupof 14.0. Therealtime differencebetweenidealandachievedspeedupis a fairly low

2.2seconds,but thattranslatesinto a reductionof 2.0 in theabsolutespeedup.

Also, in recentyears,processorshave increasedin speedat a greaterratethannetworkshave increased

in speed. In effect, the granularityof work hasactuallydecreased(i.e., becomeworsefor performance)
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Figure5: Speedupsfor Matrix Multiplication, 704 � 704

for a given applicationandthe absolutespeedupsof 15 (or better)on 16 processorsreportedin previous

paperscannotbe directly comparedwith theseabsolutespeedups.As the numberof processorsincreases

(i.e.,processorscalability),Auroramaintainsa consistent,small,but growing, performanceadvantageover

TreadMarks. This differenceis attributable to how the two systemshandlebulk-data transferand data

consistency.

As previously discussed,Auroraexploits thesemanticsof thescopedbehaviour for a readcacheto ag-

gressively pushdatainto remotecaches.In contrast,TreadMarkstransfersdatausinga request-response

protocolthatis invokedper-pageandondemand.Althoughthereis apotentialfor increasedcontentiondur-

ing thebulk-datatransfer, ascomparedwith a request-responseprotocol,ourexperimentalresultsshow that

bulk-datatransferresultsin a netbenefitfor this data-sharingpattern.Also, sinceTreadMarksendeavours

to provide a general-purposedata-consistency model, the protocoloverheadsof fault handling,twinning,

diffing, andcommunication[13] aremoreexpensive thanthe simplerapproachtaken in Aurora. Thereis
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no consistency modelper se in Aurora; rather, datais transferred,manipulated,andmadeconsistenton a

languagescopebasisaccordingto thecreate-use-destroy modelof shared-dataobjects.

As theproblemsizeincreases(i.e.,problemscalability),theperformancegapbetweenTreadMarksand

Auroraalsoincreases.WhereasAurora’s speedupsarehigherusing8 and16 processorsfor the704 � 704

datasetthanfor the512 � 512dataset,TreadMarks’s speedupsareconsistentlylower for thelargerproblem

size.For example,thenormalizedspeedupfor TreadMarksfalls from 1.38to 1.28on16processorsbetween

the two datasets.Normally, astheproblemsizeincreases,thegranularityof work increasesandspeedups

shouldalsoincrease.This is especiallytrue of matrix multiplication sincethe computationalcomplexity

grows ������� � andthecommunicationoverheadsgrows ������!"� . However, the lower speedupsfor the larger

problemsuggeststhat theremay bea bottleneckwithin TreadMarks.Onepossibleexplanationis that the

larger problemrequiresmore sharedpages,which may result in more contentionfor the network, fault

handling,and protocol processing,as the larger matrix is demandedinto eachnode. Also, the request-

responsecommunicationpatternusedby TreadMarksexposesthe entireper-pagenetwork latency to the

application,whereasthebulk-datatransfercapabilityin Auroracreatesapipelinedexchangeof datato hide

moreof thelatency. Partof Aurora’s designphilosophyis to try andavoid bottlenecksdueto contentionby

keepingthedata-sharingprotocolsassimpleaspossible(i.e.,smallerhandlingandprotocoloverheads)and

by supportingcustomprotocols,aswith bulk-datatransfer(i.e.,smallerincrementalcostasamountof data

increases).

In fairness,it shouldbenotedthatnewer researchversionsof TreadMarksincludesupportfor prefetch-

ing data,whichmayimprove theperformanceof bulk-datatransfer. However, theseversionsof TreadMarks

arenot availablefor usein this evaluation.And, evenwith prefetching,theconsistency protocoloverheads

remainaninherentpartof TreadMarks.

Theperformanceof MPICH begins to lag behindtheperformanceof TreadMarksandAurorastarting

(marginally) at 4 processors,with the gapincreasingat 8 and16 processors.For 16 processors,the nor-
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malizedspeedupsfor Aurora arebetween41% and43% higherthanfor MPICH. First, we quantify and

comparethedatacommunicationoverheadsin AuroraandMPICH. Thesameanalysisis notperformedfor

TreadMarksbecauseit would requiresubstantialmodificationsto theTreadMarkssourcecode.Second,we

considersomepossibleexplanationsasto why theoverheadsarehigherfor MPICH.

Weisolatedandmeasuredthedata-sharingoverheadsassociatedwith matrixmBin functionmmultiply()

for boththeAuroraandMPICH programs.Theresultsfor the704 � 704datasetareshown in Figure6 in

termsof the numberof secondsof real time of overhead.Lower timesimply lessdata-sharingoverhead.

Thesereal timesaretheaverageof five runs. Note that for the16 processorcaseusingAurora,eachpro-

cessorsends(i.e., localdatato all nodes)and receives(i.e., remotedatafrom all nodes)approximately1.77

MB of data,for a totalof 3.54MB of network input/outputfor eachreadcacheof matrixmB. Sincethereare

two phasesandtwo readcaches,a total of 7.09MB of datais transferredper-nodefor eachrun. Of course,

theamountof datatransferredis thesamefor MPICH.

RecallthattheAuroraprogramappliesthereadcachescopedbehaviour to matrixmB. Two barrierswere

addedto theAuroraprogram:onebarrierjustbeforeandonebarrierjustaftertheNewBehaviour macros

for matricesmA, mB, andmCin mmultiply() . The executiontime betweenthe barriersis taken to be

the data-sharingoverheadsincethereis no morecommunicationsafter the scopedbehaviours have been

applied.Althoughall thebehavioursaremeasured,theoverheadof thereadcachedominatesthereported
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times. Normally, thesebarriersarenot requiredbecausea processcanproceedwith the multiplicationas

soonasits own local cacheis ready, regardlessof whetherany otherprocessis alsoreadyto proceed.By

addingthebarriersto this experiment,we measuretheworstcasetimesfor all processesto loadtheir read

cache.

Recall that the MPICH programloadsthe contentsof matrix mBbeforecalling mmultiply() . So,

by measuringtheamountof time requiredfor this localizedsetof sendsandreceives,we obtainthe total

data-sharingoverhead.As with theAuroraprogram,we addeda barrierbeforeandafterthis dataexchange

phaseof theprogram,andthetime betweenthebarriersis takento bethetotal data-sharingoverhead.

Figure6 shows that the real-timeoverheadsof Auroraarebetween12%(0.98secondsversus8.0 sec-

onds)and80%(0.53secondsversus0.66seconds)thatof MPICH for this particulardata-sharingpattern.

In the16 processorcase,theMPICH overheadsareover eighttimeshigherthantheAuroraoverheads.For

MPICH, theoverheadsmorethandoubleasthenumberof processorsdoubles,whichsuggestsasignificant

bottleneckasthedegreeof parallelismis scaledup. In contrast,Aurora’s overheadsgrow at a ratethat is

lessthantheincreasein thedegreeof parallelism.

Pinpointingtheexactbottleneckin theMPICH programis difficult becausea numberof softwareand

hardwarelayersareinvolved andnot all of theselayers(e.g.,AIX’ s implementationof TCP/IP)areopen

for analysis.In the following discussion,we rely on our hands-onexperience,theexperimentalevidence,

andpreviously publishedresearchto positsomepossibleexplanations.We theorizethatAurora’s bulk-data

transferprotocolfor this typeof sharingoutperformsMPICH for two mainreasons:First, Aurora’s useof

UDP/IPavoidssomeof theprotocoloverheadsassociatedwith TCP/IP.Second,Auroraavoidssomeof the

overheadsassociatedwith a lack of databuffering in MPICH. Note that Auroracontinuesto useMPICH

(and,thus,TCP/IP)for non-bulk-datatransfers.

By usingUDP, AurorabypassesTCP’s congestionavoidancealgorithmsandflow controlmechanisms

[3]. In anall-to-all data-sharingpattern,therewill be congestionandcontentionsomewherein thesystem,
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regardlessof theparallelprogrammingsystemthat is used.All processesarecommunicatingat thesame

time andcontendfor resourcessuchas the network, the network interface,and the network stackin the

operatingsystem.But, whereasTCPwill conservatively back-off beforeretransmittingto avoid floodinga

sharednetwork, a UDP-basedapproachcanretransmitimmediatelyundertheassumptionthat thenetwork

is dedicatedto the taskat hand. This assumptionis not generallyvalid on a wide areanetwork (WAN),

but it is valid in our clusterenvironment. If a network is not shared,waiting beforeretransmissionwastes

morenetwork bandwidththroughidlenessthanit savesin avoiding further congestion.It is alsopossible

that TCP’s flow control mechanismsaredegradingperformancefor this sharingpattern. The interaction

betweenTCP’svariousmechanisms,suchaspositive acknowledgements,windowedflow control,andslow

start,canbecomplex, especiallyfor our data-sharingpattern[17, 18]. Without accessto theAIX internals,

it is difficult to bemoreconclusive. However, in summary, TCP’s robustandconservative approachto flow

controlis well-suitedfor sharedWANs, but it is notnecessarilyoptimalfor dedicatedLANs, suchasfor our

applications.

We notethatTreadMarksalsousesUDP/IP for its network protocolandTreadMarks’s performanceis

muchcloserto Aurorathanto MPICH. AlthoughTreadMarks’s useof UDP is quitedifferentfrom Aurora,

thesimilaritiesin speedupsbetweenthesetwo systemssuggestthat themainbottleneckis probablyeither

MPICH or TCPandis not thephysicalnetwork. If thebottlenecklieswithin TCP, thenarewrite of MPICH

to useUDP for bulk-datatransfermay closethe performancegapbetweenall threesystems.However, a

UDP-basedversionof MPICH is not currentlyavailableandwe couldnot testthis hypothesis.But, based

ontheexperimentalevidence,theperformanceproblemswith MPICH arelikely theresultof anunfortunate

bottleneckinsteadof a fundamentaldesignflaw with messagepassingor MPICH.

Why aretheperformanceproblemswith TCP/IPnotbetterknown? Many of thepublishedperformance

numbersfor MPICH andTCP/IParefor singlesenderandsinglereceiver sharingpatternson a dedicated

network. Thesimplesender-receiver patternandthededicatednetwork likely avoidsany of thesituationsin
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Phase Algorithm Main Optimizations in Aurora

1 Sortlocaldataand
gathersamples.

Sort local datausing owner-computes. Samplesare
co-locatedwith masterandaregatheredusingrelease
consistency.

2 Sortsamples,selectpivots,andpar-
tition localdata.

Mastersortssamplesusing owner-computes. Pivots
areaccessedfrom a readcache.

3 Gatherpartitions. Partitions are gathered into local memory using
distmemcpy() .

4 Mergepartitionsand
updatelocaldata.

Merge partitionsin local memory. NOTE: Partitions
aremerged,NOT sorted.

Table4: Per-context andPer-objectOptimizationsin Aurora’s PSRSProgram

whichcongestionavoidanceandflow controlmechanismscomeinto play.

As for MPICH’s approachto databuffering, our experienceis that large datatransfers,especiallyin

all-to-all patterns,mustbefragmentedandde-fragmentedby theapplicationprogrammerthroughmultiple

calls to thesendandreceive functions. As per theMPI standard,buffering is not guaranteedfor thebasic

MPI Send() andMPI Recv() functions. Therefore,the MPICH programssuffer from the additional

overheadsof fragmentationfor largedatatransfers.Admittedly, thisproblemcouldpotentially beaddressed

in analternateimplementationof MPI. Or, differentbuffering strategiescanbetriedusingotherversionsof

thesendandreceive functions.In fact,a numberof differentstrategiesweretried without achieving better

results.

3.4 Parallel Sorting by Regular Sampling

Designand Implementation

The Parallel Sortingby Regular Sampling(PSRS)algorithmis a general-purpose,comparison-based

sort with key exchange[15, 7]. As with similar algorithms,PSRSis communication-intensive sincethe

numberof keys exchangedgrows linearlywith theproblemsize.

ThebasicPSRSalgorithmconsistsof four distinctphases.Assumethat thereare # processorsandthe
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originalvectoris blockdistributedacrosstheprocessors.Phase1 doesa localsort(usuallyvia quicksort)of

thelocalblockof data.No interprocessorcommunicationis requiredfor thelocalsort.Then,asmallsample

(usually # ) of the keys in eachsortedlocal block is gatheredby eachprocessor. In Phase2, thegathered

samplesaresortedby themasterprocessand#%$'& pivotsareselected.Thesepivotsareusedto divideeach

of thelocalblocksinto # partitions.In Phase3, eachprocessor( keepsthe ( th partitionfor itself andgathers

the ( th partitionof every otherprocessor. At this point, thekeys ownedby eachprocessorfall betweentwo

pivotsandaredisjoint with thekeys ownedby theotherprocessors.In Phase4, eachprocessormergesall

of its partitionsto form a sortedlist. Finally, any keys thatdo not residein the local datablock aresentto

their respective processors.Theendresultis ablock-distributedvectorof sortedkeys.

Conceptually, a multi-phasealgorithmwith severalshared-dataobjects,like PSRS,is particularlywell-

suitedfor theper-context andper-objectdata-sharingoptimizationsin Aurora. Theoptimizationsrequired,

andtheobjectsthatareoptimized,differ from onephaseto anotherphase.Table4 summarizesthephases

of PSRSand the main Aurora optimizations. Note that the datamovementin Phase3 is implemented

with distmemcpy() ,whichis amemcpy() -likeconstructthattransparentlyhandlesshared-datavectors,

regardlessof thedistribution andlocationof thelocal bodies.Functiondistmemcpy() is invokedby the

readerof the dataand is anotherexampleof asynchronousor one-sidecommunicationsinceit doesnot

requirethesynchronousparticipationof thesender. Thefunctioninteractsdirectly with thedaemonthread

on thesender’s node.

In theAuroraprogram,someoptimizationsarebasedon theprogrammer’s knowledgeof theapplica-

tion’s data-sharingidioms. For example,thereis a multiple-producerandsingle-consumersharingpattern

during the gatheringof samplekeys in Phases1 and2 (see[9]). This patternhasalsobeendescribedas

a gatheroperation[16]. Note that thevectorSample hasbeenexplicitly placedon processornode0. In

Phase1, thesamplesaregatheredby all processornodesandoptimizedusingreleaseconsistency. Eachpro-

cessornodeupdatesadisjointportionof thevector. In Phase2, themasternode(i.e.,processornode0) sorts
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all of thegatheredsamples.SinceSample is co-locatedwith themaster, we canusetheowner-computes

optimizationandcall quicksort() usingaC-stylepointerto thelocaldata,for maximumperformance.

Two otherimplicit optimizationsarealsopresentin theAuroraprogram.First, Sample is updatedin

Phase1 withoutunnecessarydatamovementandprotocoloverheads.With many page-basedDSM systems,

updatingdatarequiresthewriter to first demand-inandgainexclusive ownershipof thetargetpage.How-

ever, with Aurora,thesystemdoesnotneedto demand-inthemostcurrentdatavaluesfor Sample because

it is only updatedandnot readin Phase1. And, sincethe differentprocessornodesareupdatingdisjoint

portionsof thevector, thereis no needto arbitratefor ownershipof thepageto preventraceconditions.By

design,thescopedbehaviour allows theprogrammerto optimizedisjoint,update-onlydata-sharingidioms.

Second,sincethe local body for Sample is explicitly placedon processornode0, theupdatedvaluesare

senteagerlyanddirectly to themasternodewhenthePhase1 scopeis exited. Therefore,thereis noneedto

queryfor anddemand-inthelatestdataduringPhase2, aswouldbethecasefor many DSM systems.

An explicit optimizationis the bulk-datatransferprotocol that is part of distmemcpy() . It is pre-

sumedthatdistmemcpy() is primarily usedfor transferringlargeamountsof data,soa specializedpro-

tocol is justified. In contrastto the“alwaysexchangeall thedata”(i.e., “allgather”) semanticsandall-to-all

sharingof a readcachein matrixmultiplication,distmemcpy() usesaone-to-oneprotocol;thereis only

onereceiverof thedatatransfer. As with thepreviousbulk-dataprotocol,thenew protocolusesUDPinstead

of TCP andimprovesperformanceby adoptinga moreaggressive flow control strategy. And, aswith the

readcacheoptimization,bulk-datatransferhasa netbenefitdespitethepossibilityof increasedcontention

duringthedatatransfer.

The TreadMarksprogramis a direct port of the original shared-memoryprogramfor PSRS[7]. All

of theshareddatastructuresresideon shared-memorypagesandthebasicdemand-pagingmechanismsof

TreadMarksreactto thechangingdata-accesspatternsof eachphase.Unlike Aurora, thereareno mecha-

nismsfor avoiding theprotocoloverheadsfor write-only dataandto eagerlypushdatato thenodethatwill
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Figure7: Speedupsfor ParallelSorting(PSRS),6 million keys

useit in thenext phase(i.e.,Sample in Phases1 and2). However, for the6 and8 million datasetsusedin

this evaluation,themaindeterminantof performanceis theefficiency of thedatatransferin Phase3, aswe

will seebelow.

The MPICH programimplementswith explicit sendsandreceiveswhat Aurora implementswith the

scopedbehaviour and dataplacementstrategies describedabove. For example, like Aurora and unlike

TreadMarks,theMPICH programdoesnotperformamessagereceive for thecontentsof Sample in Phase

1 beforeupdatingthem. And, the gatheredsamplekeys aresenteagerlywith a singlemessagesendin

preparationfor Phase2.

Performance

The performanceof PSRSis given in Figure7 andFigure8. The MPICH versionof PSRSis faster

thanbothAuroraandTreadMarksfor the2 processordatapoints.TheTCP-baseddatatransferin MPICH
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Figure8: Speedupsfor ParallelSorting(PSRS),8 million keys

is very effective whenthereis relatively low contention,suchaswhenonly 2 processorsexchangedata.

However, asthenumberof sendersandreceiversincreaseswith thedegreeof parallelism,bothTreadMarks

andAurora begin to significantlyoutperformMPICH. Benefitingfrom the UDP-basedbulk-datatransfer

protocol,Auroraachievesthehighestperformancefor all the4, 8, and16 processorcases.

Exceptfor the 2 processordatapoints,Aurora is consistentlyfasterthanTreadMarksby margins of

up to 25%. As with matrix multiplication, theperformancedifferencegrows with thesizeof theproblem

becauseAurora’s bulk-datatransferprotocolis betterat pipelining largerdatatransfersthanTreadMarks’s

request-responseprotocol.

Theperformanceadvantageof Auroraover MPICH grows with both thedegreeof parallelismandthe

size of the dataset. With more processors,there is more contentionfor varioushardware and software

resources.With morekeys to sort,Phase3 grows with respectto the amountof datatransferred.For the

smaller6 million key dataset,Aurora is 52%fasterthanMPICH whenusing16 processors.For the larger
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8 million key parallelsort,Aurorais 380%fasterthanMPICH on 16 processors.Thenormalizedspeedups

barsfor 16processorsandthe8 million key datasetarenotshown in Figure8 becausethey aretoo largefor

thispathologicaldatapoint.

The problemwith MPICH (andTCP) for this applicationis even worsethanthesenumbersindicate.

The variationsin the real times of the MPICH programon 16 processorsare so large that the reported

numbersare the minimum valuesover five runs, insteadof averages.The averagevaluesareup to 40%

higherthantheminimumvalues.Theproblem,onceagain,is largedatatransfersbetweenmultiple senders

andreceivers. As we saw previously with matrix multiplication, Aurora andTreadMarksareUDP-based

andavoid the performanceproblemswith the TCP-basedMPICH for thesedatatransfers. Interestingly,

the original implementationof distmemcpy() in Aurora did not have a UDP-basedbulk-datatransfer

protocolandit sufferedfrom thesamehighvariability andlow performanceproblemsexhibitedby MPICH.

Whenthe bottleneckwas identified, the new bulk-datatransferprotocolwas implementedin the Aurora

softwarelayersandwithoutany changesto thePSRSsourcecode.

4 Concluding Remarks

Whendevelopingapplicationsfor distributed-memoryplatforms,suchasanetwork of workstations,shared-

datasystemsareoften preferredfor their ease-of-use.Therefore,researchershave experimentedwith a

numberof DSM andDSD systems.A systemthatprovidesthebenefitsof ashared-datamodelandthatcan

achieve performancecomparablewith amessage-passingmodelis desirable.

TheAuroraDSD systemtakesanabstractdatatypeapproachto a shared-datamodel.Auroraachieves

goodperformancethroughflexible data-sharingpoliciesandby optimizing specificdata-sharingpatterns.

WhatdistinguishesAurorais its useof scopedbehaviour to provide per-context andper-objectflexibility in

applyingdata-sharingoptimizations.
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Scopedbehaviour is bothanAPI to a setof system-provided data-sharingoptimizationsandan imple-

mentationframework for the optimizations.As a framework, oneadvantageof scopedbehaviour is how

it carriessemanticinformationaboutspecificdata-sharingpatternsacrosssoftwarelayersandenablesspe-

cializedper-objectandper-context protocols.Wehave describedhow, whenloadinga readcachein matrix

multiplication, thescopedbehaviour is specifiedby theapplicationprogrammer. Furthermore,theknowl-

edgethat all processesmustparticipatein the bulk-datatransferandall of thedatamustbe transferredis

passeddown to Aurora’s run-timelayerandexploitedusingabulk-datatransferprotocol.A similarprotocol

is usedwhenexchangingkeys in aparallelsort.

In a comparisonof thetwo applicationsimplementedusingAurora,TreadMarks,andMPICH, theper-

formanceof Aurorais comparableto or betterthantheothersystems.MPICH appearsto suffer performance

problemsdueto its relianceon TCP/IPfor bulk-datatransfers,even in a high-contentionall-to-all pattern.

TreadMarkssuffersfrom its relianceona request-responsedatamovementprotocol.In contrastto MPICH,

AurorausesUDP/IPfor bulk-datatransfersto avoid theprotocolbottlenecksof TCP/IP.And, in contrastto

TreadMarks,thescopedbehaviour pipelinesthedatatransferto avoid themessageandlatency overheadsof

TreadMarks’s request-responseprotocol.Thepipeliningis possiblebecausethescopedbehaviour encapsu-

latesthefactthatall of thedatamustbetransferredandthesystemcanbemoreproactive insteadof reactive.

Consequently, on a network of workstationsconnectedby anATM network, Auroragenerallyoutperforms

theothersystemsin thesituationswhereabulk-datatransferprotocolis beneficial.
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